ABSTRACT With the development of wireless power transfer technology, wirelessly powered communication networks (WPCNs), which can provide a sustainable energy supply for the user equipment, have received extensive attention from researchers. An unmanned aerial vehicle (UAV)-based WPCN (U-WPCN) can effectively solve the problems of energy shortage and weak signal strength for ground terminals in remote areas. To establish a highly efficient U-WPCN, the service area for each UAV platform should be determined such that each UAV platform will hover at the optimal position according to the locations of the ground terminals in its group. Through hovering position optimization, this paper proposes two networking strategies for improving networking efficiency and maximizing communication performance. A greedy algorithm is used to find the optimal hovering point for each area; thus, the hovering points of all UAVs in the U-WPCN are finally obtained. Simulation results show that the UAV utilization efficiency can be significantly increased through the economical mode, and the terminal transmission rates can be improved for a given number of drones in the performance mode.
I. INTRODUCTION
With the rapid development of wireless communication technologies and the continuous expansion of their applications, in recent years, the rise of mobile internet has led to the expansion of the Internet of Things (IoT) industry through the deployment of a large number of sensor nodes. The wireless devices in the network have greatly promoted the informationization of human society. Simultaneously, these devices have also caused a shortage of spectrum resources and the demand for energy in wireless networks has significantly increased. Therefore, reducing the energy consumption of equipment in wireless communication networks and saving spectrum resources have become important topics and have great social significance [1] .
To solve the aforementioned problems, the concept of green communication has gradually become of interest. In an ideal green communication system, wireless devices can stably operate for a long time, have low energy demands, be flexible to deploy and not cause environmental pollution [2] . To remove the energy dependence of wireless devices, researchers have proposed a wireless communication network based on energy collection [3] . Wireless devices can acquire energy from renewable energy sources (wind, hydro, solar, geothermal and so forth) while transmitting information. The working hours of these devices can also be extended while achieve self-sufficient communication goals [4] .
The wireless communication network based on energy collection embodies the development concept of green communication, and it has been widely considered by the academic community and industries [5] - [8] . For further in-depth research on wireless energy-harvesting communication networks, researchers established the ''Energy Harvesting'' forum, which covers a wide range of aspects, such as energy-harvesting device design, energy adaptive storage, energy-harvesting control theory, and wireless energy transmission [9] - [12] .
A typical wirelessly powered communication network (WPCN) employs a hybrid access point (H-AP), which acts as a power station during a downlink (DL) to achieve wireless energy transfer (WET) and acts as an information receiver station during an uplink (UL) [13] . Since a single H-AP is easy to maintain, it will be more economical to use a H-AP rather than separately deploying an energy broadcast point (EP) and information access point (IP) in the construction of a WPCN. The current mainstream approach to WPCN construction is to build several H-APs on the ground to cover all wireless devices (WDs) in the area to improve the network strength. However, due to the distance-related power loss, this approach may lead to a serious ''double-near-far'' problem [13] , in which a WD close to an H-AP can harvest more energy in DL and experiences better channel conditions in UL than a WD located farther from the H-AP. To solve this problem, Chen et al. [14] proposed a pricing mechanism to incentivize users to participate in cooperative communication.In addition, Che et al. [15] considered locating EPs and IPs separately to reduce the impact of distance. Furthermore, due to the mobility of wireless terminals, fixed H-AP or EP/IP nodes are not suitable for the dynamic changes in the locations of WDs, and such nodes cannot be networked in time for emergency areas. In this scenario, deploying multiple ground base stations will lead to higher network construction costs, waste the communication resources in remote areas, and further lead to high maintenance costs. To solve this problem, unmanned aerial vehicle (UAV)-based communication has become a popular research area [16] - [18] .
As multifunctional loading platforms, UAVs can play an important role in an emergency scenario when combined with a base station providing microcommunication service [19] . Pursuing this line of research, Yang et al. [20] considered the Pareto tradeoffs between UAVs and ground terminals; Low et al. [21] and Yavari et al. [22] discussed the hovering capabilities of rotary-wing-based UAVs; Yanmaz et al. [23] proposed a collaborative UAV system that integrates positioning, sensing and communication functions; and Koubaa and Qureshi [24] considered a real-time object tracking system called DroneTrack for controlling, communicating with, and managing UAVs over the Internet. Based on the above research, the maintenance cost of a UAV-based communication network can be lowered, and the hovering positions can be dynamically adjusted in accordance with the number and locations of active WDs [25] . The emergence of the concept of UAV-based communication provides a new direction for the WPCN strategy in remote areas [26] . Furthermore, methods for extending UAV communication systems to a wider range of applications, such as aquatic vehicle networks, have been discussed in [27] and [28] .
Although the UAV trajectory optimization problem can be approximated by means of Taylor expansion [26] , [29] , the deployment of a UAV network that provides the optimal coverage of ground nodes is still an NP-hard problem. Reina et al. [30] proposed a multilayout multi-subpopulation genetic algorithm for multi-objective UAV networks coverage problems, and Reina et al. [31] used a genetic algorithm to improve coverage in a disaster scenario for a UAVbased system designed to provide communication service to victims. However, the current research on optimizing the deployment of drones to improve the communication quality of ground nodes is still insufficient.
Motivated by the UAV-based WPCN (U-WPCN) concept, we propose a hovering strategy for U-WPCNs to improve the stability and reliability of wireless sensor networks in emergency areas (disaster areas such as those impacted by earthquakes) and to reduce the maintenance costs for future large-scale industrial IoT applications. in this paper, UAV energy points (U-EPs) and UAV information points (U-IPs) are deployed on UAV platforms. we proposes a centralized approach for determining the optimal UAV hovering position for each service group to ultimately achieve global optimization. Unlike in the genetic-algorithm-based UAV deployment strategy proposed in [30] and [31] , we consider maximizing the minimum average transmission rate of the ground terminals in each service group through an efficient greedy algorithm, and the UAV positions can be periodically adjust based on the number of available drones and the locations of the ground terminals. Furthermore, to control the deployment cost, this paper proposes two networking strategies based on a prespecified rate requirement: the economical mode places more emphasis on reducing the networking cost, while the performance mode places more emphasis on improving throughput. We propose an alternating optimization algorithm that jointly optimizes the U-EP and U-IP hovering positions. By using the proposed deployment strategy, the deployment cost can be reduced while ensuring the communication quality in the network.
The remainder of this paper is organized as follows. Section II introduces the U-WPCN system model and discusses the networking modes in various situations. In Section III, based on the greedy algorithm, the optimal hovering positions for the two different networking modes are described. Section IV presents the numerical results, and Section V concludes the paper.
II. SYSTEM MODEL AND PROBLEM FORMULATION
As shown in Fig. 1 , we consider a U-WPCN system with multiple four-axis rotor UAVs and ground terminals (GTs). Each U-EP is dispatched to broadcast energy to DL GTs via WET, and the GTs use the received energy to independently transmit information to the UL U-IP. All UAV platforms are horizontal at a fixed altitude of H meters (m), and all GTs are equipped with two antennas, each of which is dedicated to either energy harvesting or information transmission so that these antennas do not interfere with each other.
Suppose that the k-th GT k ∈ K = {1, 2, 3, ...} is located in a three-dimensional Cartesian coordinate system, and the location is denoted as (x k , y k , 0); thus, the horizontal coordinates of the i-th U-EP i ∈ I = {1, 2, 3, ...} and the j-th U-IP j ∈ J = {1, 2, 3, ...} can be expressed as W i (x i , y i ) and V j x j , y j , respectively. To optimize the hovering positions of UAVs, we assume that the GTs' location information are known a priori by the UAVs. Note that UAV platforms can periodically adjust their hovering positions according to the current GT's location. In this paper, the positions of GTs are considered to be constant during each optimization cycle.
The UAVs are equipped with GPS such that their positions can be obtained with high accuracy in outdoor line-ofsight (LOS) environments. Once their positions are known, the UAVs can be used as anchors for determining the positions of WDs on the ground (often referred to as agents), such as smartphones, robots, and sensor nodes. Noncooperative localization techniques based on the received signal strength or time of arrival can be applied to determine the positions of WDs that do not communicate with each other for security reasons, such as smartphones. A list of existing representative techniques, ranging from deterministic methods to statistical methods, can be found in [32] and [33] . When the WDs are able to communicate with each other, cooperative localization techniques can be applied to further reduce the positioning ambiguities. The existing techniques of this type are well surveyed in [34] and [35] .
Let U k (x k , y k ) denote the location of the k-th GT on the horizontal ground plane. Then, the distance between the k-th GT and the i-th U-EP and the distance from the j-th U-IP to the k-th GT can be given by:
where • denotes the Euclidean norm of a vector. In a transmission period T , GTs harvest energy from all deployed U-EPs, and the energy signal received by the k-th GT is
where P 0 denotes the transmit power of each U-EP, s i (t) is the pseudo-random energy signal with unit power and independence among the U-EPs, and h ki denotes the equivalent baseband channel coefficient from the i-th U-EP to the k-th GT, which is assumed to be constant within a cycle T . We consider that the wireless channels between UAVs and GTs are dominated by line-of-sight (LOS) links. In this case, we adopt a typical channel model that has been widely used in many classical models of UAV-based wireless networks (e.g., [24] , [25] ). Accordingly, the channel power gain between the UAV and GT at the time instant t ∈ T is
where G 0 is the channel power gain at the reference distance R 0 . In general, the reference distance is R 0 =1m. P 0 is the transmit power of U-EPs during the WET phase. If the battery capacity is unlimited, the harvested energy in the k-th GT within T can be given as:
where 0 < η < 1 denotes the RF-to-direct current (DC) energy conversion efficiency at the energy harvester of each GT. In the WIT phase, we assume that each GT can transmit data to only one nearest U-IP, and there is no limit on the maximum number of GTs that an U-IP could receive information from. Each time period T is equally divided into k subslots for the time-division-multiple-access (TDMA)-based WIT phase, and the U-IP select mechanism for the k-th GT can be understood as finding the nearest U-IP, i.e.,
After the information transmission target is selected, the time resources allocated to the k-th GT are δ k , and
The average data rate D k in bps/Hz can be given as:
where σ 2 denotes the noise power at the information receiver of the U-IP. It is clear that the data rate depends on the transmit power P k , and we have
, where C k denotes the constant energy loss of the internal circuit. Then, the total energy consumption of the k-th GT communicating with the nearest U-IP V * k during the WIT phase is:
To achieve the self-sustainable operation of GTs, the energy consumption in the WIT phase cannot exceed that harvested from the U-EP in WET in each period, which leads to the following energy neutrality constraints:
In this paper, two different networking strategies are proposed for different purposes. The economical mode needs to reduce the number of deployed UAVs while guaranteeing the required data rate D thr . The optimization problem of the economical mode can be formulated as:
In the performance mode, the objective is to maximize the minimum average transmission rate of the GTs for a given number of UAVs by optimizing both the U-EP and U-IP hovering positions. Defining D min = min k∈K {D k }, the optimization problem can be formulated as:
Due to the constraints expressed in (8), (P1.1) and (P1.2) constitute a nonconvex optimization problem, which is difficult to solve with convex optimization techniques. In the following section, we consider grouping GTs and solve this problem by using a greedy algorithm.
III. PROPOSED SOLUTION
Unlike fixed-wing UAVs, which have high maneuverability and are capable of cruising along a given large-scale route, a rotor drone has the advantage of being able to hover over a prespecified target and can remain within an appropriate fange of the target as it moves. To determine the optimal hovering positions for the U-EPs and U-IPs, we first consider dividing the deployment area into subareas to be served by different UAVs. In general, each UAV platform can fly at an altitude of H = 10 meters (m) to serve GTs in a large area ψ of size Am 2 , where A = 30. As shown in Fig. 2 , the K GTs are divided into nonoverlapping M groups according to the coverage area of the UAV platform, M z , z ∈ Z = {1, 2, 3, ...}.
Then, based on the harvest-then-transmit (HTT) protocol in the WPCN, this paper uses a greedy algorithm to alternately provide the optimal hovering positions of the U-EP and U-IP. After presenting the optimization strategy for the first U-EP in the M 1 group, we present the optimization algorithm for the U-IP and U-EP hovering positions in turn, and finally, we present the joint networking algorithm for a U-WPCN.
A. FIRST U-EP/U-IP HOVERING POSITION OPTIMIZATION IN A U-WPCN
Since the GT needs to use the energy collected during the WET phase to support the information transmission in the WIT phase, the first task in U-WPCN construction is to optimize the hovering position of the first U-EP and to determine whether to use economical mode or performance mode. The purpose of deploying the first U-EP is to maximize the minimum energy collected by GTs within the service group, regardless of the energy collection status of GTs outside the group members. The optimal hovering position problem of the first U-EP can be expressed as (P2.1) : max
In problem (P2.1), the GT within the M 1 group can only harvest energy from the first U-EP W 1 , and θ denotes the minimum energy threshold. K z , z ∈ Z is the collection of GTs within the M z , z ∈ Z group. According to function (4), the energy constraint can be rewritten as:
Thus, the distance limit between GTs and W 1 according to θ is:
The distance constraint between the GT and U-EP W 1 in group M 1 is a function of θ and will decrease as θ increases. Note that only if all GTs in group M 1 satisfy R k1 ≤ R lim is the current hover position of W 1 feasible. From the LOS channel model, when the drone is hovering directly above the GT, the energy collected by the terminal can reach the theoretical maximum value; at this time, R k1 = H , k ∈ K 1 . The maximum energy that the GT can collect is:
VOLUME 7, 2019
In summary, the algorithm to optimize the hovering position for the first U-EP within the group M 1 can be given as follows.
After the hovering position of the first U-EP is determined, we can easily formulate the optimization problem for the first U-IP's hovering position as follows:
From equation (6), the GTs' data rate D k , K ∈ K 1 depends on their received energy from the first U-EP in the first group; thus, the result of these two questions are consistent, and the optimal hovering position of the first U-IP is the same as the position of the first U-EP. A schematic diagram of the first U-EP/U-IP optimal hovering strategy based on Algorithm 1 is shown in Fig. 3 . As shown, the overlapping region in the graph is the candidate U-EP/U-IP hovering position given. By using Algorithm 1, the overlap area continues decreasing until the maximum θ * and the corresponding R * lim are obtained, and finally, the optimal hovering positions for the first U-EP and U-IP are obtained.
Algorithm 1 Optimization Strategy for the First U-EP/U-IP Hovering Position
Require: The location and grouping information of the GTs Ensure: The optimal location of U-EP
Calculate the distance limit for GTs with θ , as shown in (13); 5: if the GTs in group M 1 satisfy R k1 ≤ R lim then 6: θ has a corresponding U-EP hovering area 7: θ L = θ 8:
θ U = θ and start to optimize the U-EP hovering position for the next group. If we choose the performance mode or D k < D thr , then the j-th U-IP is deployed to maximize the minimum data rate of GTs within the service group. After the hovering position of the i-th U-EP has been determined, the total energy collected by GTs during the WET phase from all U-EPs can be obtained by equation (4) . The purpose of deploying the j-th U-IP is to maximize the minimum average data rate D min for GTs within the service group M z , and the optimization problem can be modeled as:
If there are any pairs of U-EP and U-IP in an adjacent group, then the maximum distance between the UAV and GT is R max = √ 4A 2 + H 2 ; thus, the data rate threshold D thr has a range, i.e.:
Before the j-th U-IP is deployed at the designated hovering position, the GT's energy consumption during the WIT phase is:
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Based on the above analysis, the optimization condition of the j-th U-IP is:
where R * According to (6) , when the U-IP is hovering directly above the GT, the GT can reach the theoretical maximum transmission rate D max , and the expression of D max is:
In summary, the algorithm for determining the optimal hovering position of the U-IP can be presented as follows:
Algorithm 2 Optimization Strategy for the J -th U-IP's Hovering Position
Require: The location and grouping information of the GTs Ensure: The optimal location of U-IP V j
Calculate the distance limit for GTs with D, as shown in (20); 5: if the GTs in group M z satisfy R kj ≤ R * 
The optimal hovering position of V j is given by R * kj ;
The schematic diagram of the optimal deployment strategy for the j-th U-IP is shown in Fig. 4 . 
C. U-EP HOVERING POSITION OPTIMIZATION IN A U-WPCN
First, we should compare the current data transmission rate D k against D thr and determine the networking mode as discussed above. If D k ≥ D thr and the economical mode is selected, then the U-EP deployment for the current group is canceled. Subsequently, we proceed to the performance mode (there is at least one undeployed U-EP), and the following optimization strategies are implemented.
After a certain number of U-EPs and U-IPs have been deployed, when the U-IP location information is known, the energy consumption of the GT U k during the WIT phase before deploying the i-th U-EP can be expressed as follows:
Since the position of the previously deployed i − 1 U-EP is known, the energy condition for GTs with the i-th U-EP can be expressed as:
where
kn . The i-th U-EP to deploy should only consider maximizing the harvested energy for GTs in the service group. Based on the above considerations, the optimization goal of U-EP hovering position in the U-WPCN is:
where γ represents the reference factor of the GT's energy balance ratio after deployment of the i-th U-EP. When γ ≥ 0, it means that after the deployment of the i-th U-EP, the total collected energy of GTs within group M z in the WET phase can maintain the communication energy consumption under the required data rate D thr . In this case, it can be considered that the GTs within the M z group meet the expected U-WPCN network construction goals, and the subsequent U-IP deployment strategy can be skipped. Conversely, when λ < 0, the GT's energy is insufficient to support transmitting data to the U-IP hovering in other areas, and a new U-IP should be considered to deploy in this group. The constraints of problem (2.4) can be rewritten as:
According to (13) , the theoretical maximum and minimum that E k,i can achieve are:
In summary, the algorithm for the optimal hovering position of the i-th U-IP (i > 1) can be given as shown in Algorithm 3.
Algorithm 3
Optimization Strategy for the i-th U-EP's Hovering Position (i > 1) Require: The location and grouping information of the GTs Ensure: The optimal location of U-
Calculate the distance limit for GTs with γ , as shown in (25); 5: if the GTs in group M z satisfy R ki ≤ R * ki then 6: γ has a corresponding U-EP hovering area 7: γ L = γ 8:
γ U = γ 10:
end if 11: end while 12: γ * = γ ; 13:
The optimal hovering position of W i is given by R * ki ;
After γ is obtained by Algorithm 3, the hovering position of the optimal U-EP can be located by the distance limit given in (25) , as shown in Fig. 5 . Based on the above analysis, the optimization goal of this section has been reached, and the optimal strategy for the two networking modes is shown in Fig. 6 .
IV. SIMULATION RESULTS
This section presents the relevant simulation diagram of a U-WPCN to verify the feasibility of the proposed algorithms and strategies. It is assumed that the carrier frequency is 915 MHz for both DL energy broadcast and UL information transmission on different bandwidths, that the U-EP carries a Powercast TX-91501 power transmitter and the broadcast power for each U-EP is 100 Watts, and that all GTs are equipped with a P2110 receiver with energy reception efficiency η = 0.51. The communication period is T = 1s, and the flying height of each UAV platform is 10 m. The noise power is α 2 = −30db, the reference channel power gain is G 0 = 2.2, and the terminal's inherent energy consumption is C k = 50µW . To clearly demonstrate the deployment strategies proposed in this article, we consider 40 GTs randomly deployed in a 90*90 m 2 area. The GTs in the area are divided into nine groups called M 1 to M 9 . Using the optimization algorithm proposed in this paper, three different optimization paths are followed: an S-shaped path (S-optimization), a centerapproaching path (A-optimization) and a center-departing path (C-optimization). Given that each group is equipped with one U-EP and one U-IP, the hovering positions for UAVs working in the performance mode that are obtained for the different optimization paths are shown in Fig. 7, Fig. 8 and Fig. 9 .
In the performance networking mode, a U-EP and a U-IP should be placed for each group to achieve the maximum rate. It is clear that regardless of the optimization path selected, the U-EP and U-IP in the M 1 group hover at the same point. Different results are obtained for different optimization paths, and the reason for this difference is that the proposed algorithm performs sequential optimization, such that each group is affected by the optimized grouping during the optimization process.
The optimal hovering positions for UAVs working in the economical mode when we preset the data rate threshold to D thr = 0.22 bps/Hz are given in Fig. 10, Fig. 11 and Fig. 12 for different networking mode optimization paths.
In Fig. 10 , 8 U-EPs and 4 U-IPs are deployed in the optimal positions to guarantee the GT's required data rate. In Fig. 11 , similar to the case of the S-shaped path, there are also 8 U-EPs and 4 U-IPs hovering in the service area when we use the center-approaching path. However, in Fig. 12 , there are 9 U-EPs and 3 U-IPs deployed. The overall number of UAVs is the same for all three paths, and 12 UAV platforms are used to construct the U-WPCN system. The economical strategy can allow GTs to use the energy harvested from all deployed U-EPs in the WET phase to transfer information to U-IPs hovering in other groups through the WIT phase. Note that properly reducing D thr can significantly reduce networking costs.
In the traditional networking strategy, a hybrid access point (HAP) will be deployed in the center of each group (center-HAP method). To improve system performance, the K-means++ and ISODATA clustering strategies have also been widely used in communications systems to group GTs based on distance and deploy HAPs at the centroids. Furthermore, a genetic algorithm can be used to find an effective UAV coverage scheme to improve system performance. Based on these considerations, we compare the system performances achieved with our optimized deployment method based on three different path shapes, the center-HAP method and three clustering-HAP methods based on K-means++, ISODATA and a genetic algorithm. In general, the lowest rate and total throughput of the GTs in the service area are important performance indicators. Fig. 13 shows the minimum achievable data rates of the GT groups achieved with the different methods. As shown, the minimum achievable data rates in all groups are better with the optimal method. This result occurs because the optimal strategy that we proposed can effectively solve the double-near-far problem by dynamically adjusting the UAV hovering positions based on the current GT locations. By contrast, in the traditional center-HAP method, the locations of the U-HAPs are fixed; thus, when the GTs in a group are scattered or at the edge of the service area, the minimum achievable rate cannot be guaranteed. A clustering algorithm can provide a dynamic grouping strategy, and a genetic algorithm can provide an effective UAV coverage solution; however, neither of them can guarantee the performance of edge GTs since they prioritize providing better service to GTs that are gathered together. Based on the above analysis, regardless of the number of GTs in the service area, the optimal algorithm proposed in this paper can achieve better minimum achievable data rates in all service groups. Fig. 14 shows the maximum throughputs of the GT groups achieved with the different methods. Clearly, the total transmission rate of all groups in the optimal method is consistently higher than in the CP method. The reason is that in the optimal method, due to the existence of the U-IP selection mechanism (as shown in Equation (5)), edge GTs may communicate with nearby U-IPs in other groups, thus increasing the information transfer rate. It is worth noting that the smaller the number of GTs is, the more obvious are the advantages of our proposed strategy, but as the number of GTs increases, the total throughput of the system as achieved with different algorithms tends to be consistent. . 15 shows the minimum GT data rates achieved with the different placement strategies. As shown, as the number of GTs increases, the minimum GT rate gradually decreases under the optimal algorithm and finally stabilizes above the specified data rate threshold of D thr = 0.22 bps/Hz. The center-HAP strategy shows the worst performance. The results for the remaining optimization algorithms fluctuate and eventually stabilize. Fig. 16 shows the total throughputs with different numbers of GTs. It is clear that the performance of the proposed strategy is basically the same for different optimization paths and is consistently higher than those of the other strategies. As the number of GTs increases, the differences in total throughput among the different hovering strategies shrink, but the optimal hovering strategy proposed in this paper always has a performance advantage.
Through these simulations, the optimal hovering positions of the UAV platforms in a U-WPCN have been found for a scenario with random GT locations. The simulation results confirm the reliability of the proposed algorithm, which can identify optimal UAV hovering positions to significantly improve the communication performance of the GTs in different service groups.
In conclusion, the simulation results show that the UAV hovering scheme proposed in this paper can effectively improve the efficiency of U-WPCN network construction, reduce deployment costs, and optimize the communication performance of GTs in the system.
V. CONCLUSIONS AND FUTURE WORK
This paper focuses on the U-WPCN scheme and aims to guarantee the information transmission rates of the GTs in the system. Through research on the optimal deployment of UAV platforms, a U-WPCN construction strategy is presented. This strategy is based on systematic optimization to solve the problems encountered in UAV deployment in a U-WPCN.
As an alternative to traditional local search algorithms, clustering algorithms and genetic algorithms, this paper proposes a low-complexity greedy algorithm that divides the global U-WPCN optimization problem into several subproblems according to the communication coverage characteristics of the UAVs. The optimal solution for each group is obtained via a range determination algorithm, and finally, the optimal hovering position of each drone is obtained through alternating optimization.
In terms of algorithm complexity, the complexity of a local search algorithm is affected by the positional accuracy and the size of the optimized interval. The complexity of a clustering algorithm is affected by the number of GTs, their degree of dispersion and the number of optimizations. The complexity of a genetic algorithm is affected by many factors, such as the crossover and mutation probabilities. For the optimization strategy proposed in this paper, because the range determination algorithm can yield a closed-form solution and the alternating optimization process does not require additional computational complexity, the complexity is lower than those of the above algorithms and it has better scalability in a wide range of multi-GT scenarios.
In addition, this paper proposes two networking modes: in the economical mode, fewer UAVs are deployed while guaranteeing the required data rate threshold, whereas the performance mode seeks better communication quality for a given number of available UAVs (at least one U-IP and one U-EP).
In the study of U-WPCN construction, this paper uses a fixed regional grouping strategy. In practice, the coverage areas of the UAVs and the GTs' mobility are dynamically changing. Therefore, optimizing the corresponding grouping strategy will be a focus of future work. In addition, when UAV platforms are used, the battery life of current UAV designs should be considered. A fixed-wing UAV cannot hover at a designated location but has a longer life and a faster flight speed. Thus, fixed-wing UAVs can be used as flexible base stations cruising in target areas to complement the rotor-wing UAVs to build a more flexible U-WPCN system. This is a challenging task worthy of further study.
